As the clock frequency of silicon chips is leveling off, the computer architecture community is looking for different solutions to continue application performance scaling. One such solution is the multicore approach, i.e., using multiple simple cores that enable higher performance than wide superscalar processors, provided that the workload can exploit the parallelism. Another emerging alternative is the use of customized designs (accelerators) at different levels within the system. These are specialized functional units integrated with the core, specialized cores, attached processors, or attached appliances. The design tradeoff is quite compelling because current processor chips have billions of transistors, but they cannot all be activated or switched at the same time at high frequencies. Specialized designs provide increased power efficiency but cannot be used as general-purpose compute engines. Therefore, architects trade area for power efficiency by placing in the design additional units that are known to be active at different times. The resulting system is a heterogeneous architecture, with the potential of specialized execution that accelerates different workloads. While designing and building such hardware systems is attractive, writing and porting software to a heterogeneous platform is even more challenging than parallelism for homogeneous multicore systems. In this paper, we propose a taxonomy that allows us to define classes of accelerators, with the goal of focusing on a small set of programming models for accelerators. We discuss several types of currently popular accelerators and identify challenges to exploiting such accelerators in current software stacks. This paper serves as a guide for both hardware designers by providing them with a view on how software best exploits specialization and software programmers by focusing research efforts to address parallelism and heterogeneity.
Introduction
Heterogeneous multicore systems are emerging as one of the most attractive design points for next-generation systems. The reasons are multiple. First is the leveling of clock frequency increases due to power constraints. In 2001, Gelsinger [1] extrapolated that continuing on the frequency scaling at the time would result in chips running at 10-30 GHz, with a heat dissipation equivalent to that of nuclear reactors (proportional to size) by 2011. While researchers have developed chips that run at clock frequencies of tens of gigahertz in the laboratory, commercial microprocessors have embraced parallelism to continue performance scaling. All processor vendors (Advanced Micro Devices [2, 3] , ARM [4] , IBM [5] [6] [7] , Intel [8] , and Sun Microsystems [9]) have been offering multicore chips for quite some time. Rather than widening the superscalar issue of the cores, designers have focused on multiple simpler cores. For many throughput-oriented workloads, this approach has worked very well; the operating system (OS) and middleware exploit these cores transparently by dispatching independent tasks on separate processors.
However, only increasing the number of cores is not sustainable [10] . Similar to exploiting instruction-level parallelism in wider superscalar processors [11] , automatically exploiting multicore parallelism will produce diminishing returns. In the case of instruction-level parallelism, hardware requires ever-increasing resources (e.g., instruction window and reorder buffers) to overcome instruction dependences. In addition to dependences, as parallelism increases, application programmers are fighting against Amdahl's Law. Therefore, to utilize resources efficiently, all but a vanishingly small amount (9 99%) of the code must be parallelized. Furthermore, the increased number of cores puts additional pressure on the memory subsystem, in particular the memory bandwidth and the number of outstanding memory requests that must be sustained and managed.
In this context, the trend is moving toward specialization, with designs trading off chip area for power. Special-purpose units and processors provide increased power efficiency (operations per second per watt) by implementing particular functions in hardware [12] . These units cannot be used directly for general-purpose computing; thus, software has to be customized to take advantage of their computational power. In this paper, we attempt to classify the space of accelerators with the goal of identifying the most appropriate programming models that target special-purpose computation.
We start by defining an accelerator. An accelerator is a special-purpose hardware device that is optimized to perform a certain function or set of functions as part of a general-purpose computational system. As such, an accelerator is necessarily part of a larger system. It spans a scale, from being closely integrated with a general-purpose processor to being attached to a computing system, and potentially contains general-purpose hardware that is specialized for a particular function through software. In the next sections, we discuss trends in system architecture and workload characteristics that have led to the development of accelerators, present our taxonomy of accelerators, and conclude with an exposition of programming models for accelerators.
Systems characterization
In this section, we provide a broad characterization of the architectural and workload trends that have led to the development and recent popularity of accelerators.
System architecture
Accelerators have been deployed in many scenarios and solutions over the years. A few categories emerge from the multitude of designs.
Integrated specialized unitsVThese special-purpose fixed-function functional units perform operations on behalf of the CPU more efficiently. Examples include the floating-point unit (FPU) and vector units. Specialized application-specific integrated circuits (ASICs)VThese accelerators provide special-purpose processing, typically targeted to a set of algorithms in a particular domain. Examples include digital signal processors and graphics processing units (GPUs). Sometimes, when the functionality provided by these accelerators becomes more pervasive, they are integrated with the CPU, for example, the math coprocessor on the Intel x86 architecture [13] . Specialized appliancesVThese accelerators are used to offload entire applications to a specialized box that is attached to a general-purpose system. DataPower* [14] and Azul [15] are examples of such systems. Generated acceleratorsVThese are reconfigurable devices, such as field-programmable gate arrays (FPGAs), which allow applications written in high-level languages to be directly compiled into hardware [16] [17] [18] .
Today's systems are a hierarchical composition of compute cores organized as nodes that are connected over a coherent system bus to memory and I/O devices attached through I/O bridges. Conceptually, accelerators can be attached at all levels of this hierarchy. The mapping of system function to system level is quite fluid and depends on both system characteristics and offloaded functionality characteristics. Most often, the goal is improved performance, but other metrics, such as power and isolation, play a role in defining the granularity and integration of the accelerator.
The integration of accelerators into a general-purpose system is in fact one of the key aspects that leads to their popularity. At one end of the spectrum are appliances that are connected to the general-purpose system through a standard interconnect (Gigabit Ethernet or Infiniband**). These have been fairly successful because they provide a turnkey solution; entire workloads are offloaded and managed outside the general-purpose system. The existing software stack is not perturbed; thus, no additional testing and certification is needed. At an intermediate level are specialized cores (such as GPUs). Again, the emergence of standard protocols, such as PCI Express** (PCIe**), makes integration with the general-purpose system much easier. In addition, some companies are also opening and standardizing their bus protocols, such as AMD HyperTransport** [3] , thus enabling even closer integration of accelerators. Finally, several companies have been opening up core designs. Examples include embedded PowerPC* [19] and OpenSparc** [20] . This allows designers to extend and integrate proprietary modules on the same die. Systems-on-a-chip are also encouraging the definition of macros that can be integrated within a chip or die. These efforts will certainly enable the proliferation and eventual standardization of accelerators.
Workloads
There are a number of workload characteristics that lead to ease of accelerator exploitation. Some of these characteristics, such as parallelism granularity and type (synchronous, asynchronous, or streaming), and modularity deeply influence our taxonomy. A programming model for hybrid computing must encourage a programming style that emphasizes some of these characteristics. In this section, we discuss these aspects in more detail.
One of the most important characteristics is parallelism granularity, which is determined by the size of the activities that are executed concurrently. Whether specialized functional units, specialized cores, or offloading appliances, accelerators perform most efficiently when the workload parallelism granularity matches the size of tasks that can be offloaded to the accelerator. Note that a workload may exhibit finer grain concurrency that can be exploited by a coarser grain accelerator by aggregating several concurrent activities into a single execution task. This aggregation may be performed by a runtime system either automatically, through user directives, or manually by the programmer by defining appropriately sized activities. In the latter case, the granularity must be exposed to the programming model in order for the programmer to control it directly. Manual aggregation also leads to codes that are typically not portable between different platforms. The parallelism granularity can be categorized as follows:
Instruction-level parallelismVBest exploited by specialized functional units, such as FPUs or vector units. Computational kernel-level parallelismVExemplified by small data-parallel kernels that run well on GPUs, encryption/decryption kernels (not to be confused with OS kernels). Function levelVTypical granularity for exploitation on specialized cores on which certain functions or tasks can be performed more efficiently and in parallel with the main computation thread. These functions can be stateful or stateless. OffloadVThe application can be decomposed into loosely coupled modules, some of which are offloaded to an accelerator.
The parallelism granularity affects many dimensions of the accelerator design: coupling with the CPU, invocation overhead, memory coupling, and addressing. The larger the granularity, the more work can be done in parallel, and thus, less coupling with the main CPU is needed.
As parallelism granularity characterizes the size of the activities and, therefore, the amount of work that can be executed concurrently, synchronization between tasks determines how much of the existing concurrency can be exploited through parallel execution on a particular heterogeneous system. We identify three types of parallelism synchronization when considering how different activities overlap and synchronize. Synchronous parallelism implies that operations are spawned and the spawning task will wait for their completion before proceeding further. Fine-grain synchronous parallelism is best exploited at the instruction level or when multiple [single-instruction, multiple-data (SIMD)-like] tasks can be invoked with a single command. Coarse-grain synchronous parallelism works well when the fraction of parallel work is significantly higher than the work that could be done on the spawning thread. Asynchronous parallelism allows for tasks to be spawned and completed arbitrarily. Typically, spawned tasks will signal their completion, and the spawning task may choose whether it will wait for the completion of the spawned task (task completion may be deduced through other properties of the application, such as termination of other dependent tasks). Asynchronous parallelism does favor coarser parallelism, although accelerators can be designed to significantly reduce the overhead of invocation and completion to exploit fine-grain asynchronous parallelism. Streaming parallelism exploits parallelism that occurs from processing multiple streams of data. Streaming parallelism is seeing a resurgence with the appearance of sensor networks and devices. Typical streaming applications process streams of data through a pipeline, with stages that are either stateless or almost so. Stream processing has well-defined I/O specifications and, thus, is a good match for acceleration. Specialized accelerators can be defined for pipeline stages or for the entire stream processing task.
These two workload characteristicsVparallelism granularity and parallelism synchronizationVessentially determine the amount of available and exploitable parallelism in a workload. Of course, when mapping a workload to a particular system, there are numerous other factors that limit the exploitation of parallelism, such as communication overhead and load balancing. An expert programmer will tune the granularity and synchronization of her application to minimize the overhead and efficiently exploit the available parallelism.
Finally, we would like to mention the more traditional classification of parallelism into data, task, and pipeline parallelism. We consider that this classification can be mapped on the granularity and synchronization dimensions as follows:
Data parallelism distributes data across multiple units and executes similar operations on the data operations. A typical example is SIMD, but more generally, we can consider data parallelism as synchronous parallelism at the instruction and kernel levels. Task parallelism distributes execution tasks to different processing units. Task parallelism is best represented by multiple-instructions, multiple-data (MIMD) processing and is mainly asynchronous kernel-and function-level parallelism.
Pipeline parallelism is characteristic of the streaming parallelism at the function level.
We use these characteristics to establish a taxonomy of accelerators (see the next section) and also in our discussion of programming models in the section BProgramming models for accelerators.[
Taxonomy of accelerators
As special-purpose devices, accelerators can be used in many contexts. In fact, the main reason for their popularity is the ability to customize them to a particular function. The large diversity of such functions, coupled with the diversity of their origin and the emergence of open standards, has resulted in a huge design space of accelerators that are increasingly more difficult to integrate and program. In this section, we classify the space of accelerators in an attempt to help designers position their accelerators to take advantage of existing and emerging standardized interfaces, programming models, and programming environments.
There are three key dimensions along which we define our taxonomy: 1) architecture, 2) invocation, and 3) addressing. There are also additional secondary dimensions, such as management and programming level. In Table 1 , we present a number of existing accelerators classified along these dimensions, and we discuss the characteristics of these dimensions.
The taxonomy dimensions are as follows: workload-specialized appliance. These are typically standalone systems that connect to the host system through the network. They perform entire tasks. The host system bootstraps the operation and often does not see the results. 3) Memory addressing characterizes the way accelerators integrate with the memory of the host system. This includes memory addressing, memory partitioning, and coherency. a) AddressingVThe accelerator plugs into the application address space and uses the CPU address translation or has its own address space or address translation. Examples for shared addressing are the Synergistic Processor Units on the Cell Broadband Engine** (Cell/B.E.**) processor [25] . Examples of separate address spaces are I/O devices that have the host maintain address translations through explicit I/O memory management unit management. b) PartitioningVIndependent of the address space, accelerator memory can be shared with the CPU, distributed (separate memory, accessible by the CPU through a bus or interconnect), or completely separate (local to the accelerator and the only access is through messages processed by the accelerator). Examples of shared memory include multicores and functional units. Distributed memory appears in GPUs, whereas appliances typically have separate memory. c) CoherenceVMost shared-memory closely integrated (system bus) accelerators are coherent. Typically, the I/O bus and network-attached accelerators are noncoherent.
We can draw the following conclusions with regard to programming models from Table 1 .
Libraries are a universal Bprogramming model[ for all kinds of accelerators, although they may not be the most elegant or most efficient (due to composability issues). Typically, they are the first programming model that is developed for any accelerator, and higher level programming models are often built (and depend internally) on the interfaces provided by libraries.
Thoughtful design of the library application program interfaces (APIs) is therefore recommended. Several categories of accelerators require explicit programming models beyond libraries. Such accelerators include clustered or multithreaded processor complexes, and the kinds of SIMD processors exemplified by Cell/B.E., GPUs, and the Intel Larrabee. We discuss classes of programming models later in this paper. Because of their inherent morphable nature, FPGA-based accelerators may require multiple programming models.
Obviously, the programming model of the accelerator emulated through an FPGA would be a direct match. However, because of the FPGA characteristics, such models are not necessarily the most efficient. For example, FPGAs provide a high degree of SIMD parallelism. While they can be programmed like GPUs, it is more effective to program them at the level of bit-level parallelism.
Based on the preceding discussion of existing accelerators, Figure 1 places them along two dimensions: 1) the degree of coupling between the accelerator and the main processor and 2) the invocation granularity in processor cycles. We discretize the notion of Bdegree of coupling[ based on the system attach point: functional unit, memory bus, I/O bus, or network. The ranges along the Binvocation granularity[ axis are representative and should be considered as guidelines rather than hard numbers. Unsurprisingly, accelerators tend to fall along the diagonal of this graph.
Programming models for accelerators
A critical aspect of exploiting accelerators efficiently is programming. In general, the more details of the hardware architecture that are exposed, the greater the control programmers have over these devices. However, greater control means increased complexity in programming. The goal in this section is to provide an overview of existing and proposed techniques that are used for programming accelerators. Using our taxonomy, it becomes quite easy to reason which programming techniques are suited for different types of accelerators, as well as estimate the level of system support that has to be designed to enable these techniques. Figure 2 depicts this important tradeoff. 
Low-level libraries and device drivers
At the bottom of the stack are low-level libraries and device drivers. These libraries and drivers are an essential part of the system software and the OS and make the accelerator available to users. Drivers and initialization routines are needed even for tightly coupled accelerators that are part of the processor core, as the hardware is booted and made ready for execution.
There is not much that a programming model can do for the system programmers responsible for these; they will typically use assembly language or C and have intimate knowledge of the hardware operation, instruction sets, and device control functions. They must closely integrate with a particular OS, and thus, the code is not necessarily portable across platforms. However, an effort should be made to ensure that the exposed APIs from these libraries either follow existing standards or are designed in a generic reusable fashion such that higher level libraries can be developed in a platform-independent way.
One of the best known examples of a well-designed API is the Open Systems Interconnection model [26, 27] . In particular, the data link layer specifies a number of standard protocols such as Ethernet (IEEE 802.3) and wireless (IEEE 802.11) that provide a foundation to implement the higher levels in the model. NIC manufacturers adhere to these protocols. Higher layers build upon these APIs and provide higher levels of abstraction, for example, the IP protocol in the network layer or the TCP/IP protocol in the transport layer. TCP offload [28] uses the NIC to accelerate the processing of the TCP protocol. As general-purpose CPUs continue to enjoy performance increases, there is no compelling reason to move the processing outside of the CPU. However, as frequency increases taper off and new protocols such as Remote Direct Memory Address (RDMA) become more popular, offloading becomes attractive [28] . NICs can also do packet reassembly and, thus, accelerate data transfers. It is very likely that such accelerators will remain hidden from application programmers.
High-level libraries
As a programming paradigm, libraries are universal. The functionality of any accelerator can be encapsulated in a library with an API that can be called from a variety of programming languages and frameworks. For a number of application domains, libraries are both widely accepted and popular [29] [30] [31] [32] .
For example, a widely used high-level library is the cryptography suite OpenSSL** [32], which provides a security layer for Internet connections. The exposed API of the OpenSSL library defines a set of standard functions and algorithms. Internally, it defines enginesVa set of functions specific for particular cryptographic accelerators. These functions can be supported in hardware or software. Functions that are not supported in hardware for a particular platform rely on software implementations. However, because of the engine abstraction, new accelerators can be easily integrated without the need to change (or, if dynamic libraries are supported, even recompile) the application.
Intel QuickAssist [33] also provides a high-level library that exposes a service-oriented architecture interface to accelerators. In its model, the accelerator abstraction layer is a bundle of software that virtualizes the accelerator by implementing an accelerator proxy that communicates with a set of device drivers. These device drivers may implement the acceleration in software or control a hardware device. Again, the advantage is encapsulation; once a set of services is defined, one can change the implementation of the library without the need to change the application using the services. QuickAssist further defines dynamic registration and discovery of services. This simplifies the management of different devices on a platform, but the greater flexibility impacts the programmability of applications that use these services; programmers now have to deal with metaprogramming. For particular services, some of the metaprogramming techniques may of course be encapsulated in libraries.
Although libraries are popular and convenient, they do have a number of shortcomings.
ComposabilityVLibrary APIs impose a rigid boundary that must be obeyed. There are many situations in which removing the boundary enables optimizations. For example, consider an offload accelerator (such as a GPU) with separate memory and two operations, the second using the result produced by the first. Using a library API that defines the first operation as returning the result will force the data copy of the result from the accelerator memory to the host memory and then copy it back for the execution of the second operation, although the two could execute back to back without the extra copies. SemanticsVThe semantics of library calls is defined outside of the API, usually documented in a manual. It relies on the library implemented to keep these consistent, and there is no easy way in which to check that they are consistent. In addition, it is not possible to check whether the use of the library is consistent with the defined semantics, unless the libraries are generated from a higher level description. Explicit codingVUsing library APIs requires explicitly coding the function calls in the application. As the library interfaces change with new releases, the applications need to change as well. This is not much of an issue with mature libraries, but a more productive solution is to use abstractions and generate the calls to the library.
As mentioned, even with these drawbacks, libraries are hugely popular, and they form the backbone of programming at a higher level, since compilers also rely on libraries to provide the functionality of higher level abstractions.
Language extensions and language abstractions
A common paradigm to ease the programming burden is to provide high-level abstractions that are expressed through programming extensions. In this approach, it is the responsibility of the compiler and runtime system to ensure the efficient utilization of the accelerator. The classic example for language abstractions is the floating-point data type. Most modern languages provide a floating-point numeric type, for example, float and double in C and related languages, float in Python, and double in Java**. The compiler understands the semantics of these data types and directly generates code for the underlying accelerators.
There is a spectrum of language extensions.
Extensions to existing languages to directly support abstractions. A number of intrinsic functions encapsulate functionality that the compiler knows about and can generate code directly. For example, vector intrinsics are popular today, and it is expected that they will be more closely integrated into the language in the future, such as the case with OpenCL [34] . OpenCL also defines the notion of a kernel and a new memory model that takes into consideration the fact that there are multiple address spaces (host and accelerator) and exposes these abstractions to the programmer. Extensions to existing languages to support libraries encapsulating accelerators. This approach conveys semantic information to the compiler so the compiler and runtime system can better optimize for the exploitation of the accelerator. Examples include Unicode [31] and Secure Socket Layer (SSL) [32] . New domain-specific languages allow full exploitation of accelerators at the language level. The most popular in this category are graphics languages, such as Brook [35] , Cg (C for graphics) [36] , and StreamC [37] . In this case, the programmer has the means of expressing computation that is offloaded to a GPU, including data structures and predefined functions that are implemented directly to take advantage of the accelerator customization.
Automatic exploitation
Of course, the least intrusive technique of running with accelerators is through automatic exploitation. In this approach, the compiler and runtime system discover sections of code (instructions or entire procedures) that can be offloaded on an acceleration engine. This is quite challenging for compiler writers, and the results are typically restricted to small classes of accelerators and applications domains. In our taxonomy, one example of automatic exploitation is autoparallelization to take advantage of multicore acceleration. Automatic parallelization builds on 40 years of research in compiler technologies, such as data dependence, pointer analysis, and locality analysis, and leverages concurrence APIs and extensions, such as OpenMP. Another example is autovectorization, the automatic exploitation of vector units. Surprisingly, it is a technology that is still evolving, although vector units appeared in Cray 1. However, with multiple processor vendors offering different vector architectures, we have seen a proliferation of vendor-specific low-level interfaces to program these units. Examples include ISA extensions such as MMX, SSE1-4, VMX, and the Cell/B.E. SPU. Significant research has been done to raise the level of abstraction and use compiler technologies to eliminate the need of manual programming [38, 39] . The results of automatic compiler-driven vectorization did not meet the level of expectations due to a combination of factors: limitations in the hardware architecture that requires that accesses are aligned, lack of instructions to cover a number of possible operations, and limitations in the compiler analysis related to static disambiguation of dependences and pointers. As a consequence, the community is now looking at other approaches, primarily programming language extensions, that explicitly provide higher level abstractions such as vectors, compute tasks, and kernels that can be mapped to many different architectures and, therefore, alleviate the burden on the compiler to automatically discover when, for instance, vector units can be utilized or how tasks need to be split up. Examples of this approach are OpenCL [34] , Cg [36] , and the Brook stream processing language [35] .
Conclusions
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